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SEGMENTATION AND FRACTURE
DETECTION IN CT IMAGES

CROSS-REFERENCE TO RELATED
APPLICATION

This application claims the benefit of U.S. Application
No. 61/721,061, filed Nov. 1, 2012, entitled “Segmentation
and Fracture Detection in CT Images for Traumatic Pelvic
Injuries,” which is hereby incorporated by reference in its
entirety.

BACKGROUND

Medical data contains information that is vital for clinical
diagnosis as well as treatment planning. Nowadays, varieties
of clinical data are not optimally and comprehensively
utilized towards medical decision making. This is because
simple human inspection or traditional computational meth-
ods are incapable of extracting the hidden patterns contained
in the data, which are very important to form recommenda-
tions and predictions for both diagnosis and treatment plan-
ning. In recent decades, more types and quantities of medi-
cal data have been collected due to advanced technology. A
large number of significant and critical information is con-
tained in these medical data. Still, highly-efficient, auto-
mated computational methods are needed to process and
analyze the available medical data, in order to provide the
physicians with recommendations and predictions on diag-
nostic decisions and treatment planning.

Traumatic pelvic injury is a severe yet common injury in
the United States, often caused by motor vehicle accidents
or fall. Commonly, pelvic injuries are assessed using infor-
mation contained in the pelvic Computed Tomography (CT)
images, making these images important for assessing the
severity and prognosis of traumatic pelvic injuries. Each
pelvic CT scan includes a large number of slices. Mean-
while, each slice contains a large quantity of data that may
not be thoroughly and accurately analyzed via simple visual
inspection with the desired accuracy and speed. Hence, a
computer-assisted pelvic trauma decision-making system
would be valuable to assist physicians in making accurate
diagnostic decisions and determining treatment planning in
a short period of time. Currently, however, due to factors
such as limited resolution of medical images, variations in
bone tissues, complexity of pelvic structures, and signifi-
cantly different geometrical characteristics of fractures,
automatic detection and segmentation of pelvic bone and,
more valuably, detection of the bone fractures using CT scan
imaging remains a significant challenge. Moreover, the
existing decision-making systems for such traumatic injuries
do not extract and/or consider the features automatically
detected from medical images.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a block diagram of a schematic diagram of an
example of decision support system, in accordance with an
example.

FIG. 2 is a flow diagram a segmentation process, as may
be performed with the system of FIG. 1, in accordance with
an example.

FIG. 3 is a flow diagram of a brightness contrast stretch-
ing process that may be implemented as part of the segmen-
tation process of FIG. 2, in accordance with an example.

FIG. 4 illustrates a best template matching process, in
accordance with an example.
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2

FIG. 5 is a flow diagram of an image registration process,
in accordance with an example.

FIGS. 6(a)-6(%) are CT pelvic images showing a homo-
geneity feature extraction result and brightness enhance-
ment, in accordance with an example.

FIGS. 7(a)-7(c) are CT pelvic images of a homogeneity
features based image registration, in accordance with an
example.

FIG. 8 is a flow diagram of a process for implementing a
registered Active Shape Model process (RASM), in accor-
dance with an example.

FIG. 9 is a flow diagram of an example initialization
process, in accordance with an example.

FIG. 10 illustrates segmentation using RASM resulting
from the process of FIG. 8 or FIG. 9, in accordance with an
example.

FIG. 11 is a flow diagram of a fracture detection process,
in accordance with an example.

FIG. 12 is a CT image window showing a displacement
measurement resulting from a fracture detection process, in
accordance with an example.

FIG. 13 is a plot of segmentation accuracy results, in
accordance with an example.

FIG. 14 is another plot of segmentation accuracy results,
in accordance with an example.

FIG. 15(a)-15(d) are CT image windows showing the
results obtained at various stages of a fracture detection
process where a fracture has been identified, in accordance
with an example.

FIG. 16(a)-16(d) are CT image windows showing the
results obtained at various stages of a fracture detection
process where a fracture has not been identified, in accor-
dance with an example.

FIG. 17(a)-17(d) are CT image windows showing the
results obtained at various stages of a fracture detection
process for a patient with a very severe fracture in the right
ilium bone, in accordance with an example.

FIG. 18 is a representation of a 3D pelvic bone structure
modeling, in accordance with an example.

FIG. 19 is a decision support system for performing the
processes described herein, in accordance with an example.

DETAILED DESCRIPTION

Pelvic bone segmentation is a useful step in analyzing
pelvic CT images and assisting physicians with diagnostic
decisions in traumatic pelvic injuries. The present tech-
niques provided a new hierarchical segmentation approach
capable of automatically extracting multiple-level bone
structures using a combination of anatomical knowledge and
computational techniques. For example, first, morphological
operations, image enhancement, and edge detection may be
performed for preliminary bone segmentation. The proposed
techniques then may use a template-based best-shape match-
ing method that provides an entirely automated segmenta-
tion process. This may be followed by a what is called herein
a Registered Active Shape Model (RASM) process that
extracts pelvic bone tissues using more robust training
models than standard ASM models. In addition, a hierarchi-
cal initialization process may be used for the RASM in order
to address the shortcoming of the standard ASM, in particu-
lar the high sensitivity to initialization endemic to conven-
tional systems.

In an example, two suitable measures may be defined to
evaluate the segmentation results: 1) mean distance and 2)
mis-segmented area to quantify the segmentation accuracy.
Successtul segmentation results indicate effectiveness and
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robustness of the proposed algorithm. The techniques allow
for building three-dimensional (3D) pelvic bone models,
which were built, as discussed, after pelvic bone structures
were segmented using consecutive 2D CT slices.

The techniques herein, providing automatic and accurate
detection of the fractures from segmented bones in traumatic
pelvic injuries, can help physicians detect the severity of
injuries in patients. The extraction of fracture features (such
as presence and location of fractures) as well as fracture
displacement measurement are useful for assisting physi-
cians in making faster and more accurate decisions. Thus
with the present techniques, after bone segmentation, frac-
ture detection may be automatically performed using a
hierarchical approach based on wavelet transformation,
adaptive windowing, boundary tracing and masking. Also, a
quantitative measure of fracture severity based on pelvic CT
scans may be defined. The results demonstrate that tech-
niques are not only capable of automatically detecting both
major and minor fractures, but can also be used for clinical
applications.

FIG. 1 illustrates a schematic diagram of an example of
decision support system 100, as may be implemented in a
computer system such as that of FIG. 19, described below.
In this example, CT slides (image slices) are provided and
stored in a memory 102. The system 100 further includes a
bone segmentation module 104, a fracture detection module
106, a rules generation module 108, and a hemorrhage
detection module 110, each able to access physiological and
demographic data 112 stored in the system 100, or stored for
access by the system 100, as would be the case for the image
data 102, as well.

FIG. 2 is a flow diagram a segmentation process 200 as
may be implemented by the system 100. Initially, the origi-
nal CT image data is obtained at a block 202 and provided
to a pre-processing block 204 and an image registration
block 206, both of which will be described in more detail
below.

Pre-Processing

The pre-processing block 204, in this example, separates
initial image objects that are not part of the target image as
well as enhancing the quality of the image by removing the
noise while maintaining the bone edges. There exist different
surrounding artifacts in the original image, e.g. CT table,
cables, hands, and lower extremities. The block 204 may
separate from the received images those artifacts or other
pre-determined elements, including body parts like the
abdomen from the original pelvic CT image data. Morpho-
logical operations may be performed on this image data to
separate different regions and to select the region with the
largest area. A median filter may be applied to remove high
frequency speckle noise without compromising the edges.

An example extraction of the abdomen image parts, as
performed by the block 204, would be as follows. First, in
order to extract the abdominal region, a binary image is
created based on the original CT image. A specified intensity
value is set as the threshold. The pixels whose intensity
values are higher than this threshold are set to 1, and the
pixels whose intensity values are less or equal to this
threshold are set to 0. The abdominal region and some of the
surrounding artifacts have a higher gray level value than the
background. Consequently, the abdominal region and some
of the artifacts are well separated from the background.

Second, morphological operations are conducted on the
binary image. This step is designed to separate different
objects in the extracted image. The pelvic region and some
artifacts may be connected together in the extracted image,
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for example; and morphological operations are applied to
make them disconnected and separated.

Third, the region with the largest area, e.g., the abdomen,
is then selected. In this step, first the features of different
regions, such as the area and centroid are calculated. Then,
the region with the largest area is separated and selected.

Fourth, a mask is created with the same size of the
identified region in preceding step. This allows additional
artifacts to be removed.

Fifth, after the abdomen region is selected, a median filter
is applied in order to remove the existing high frequency
speckle noise in the image. This step helps reduce or
eliminate noise, as the noise can affect features of the
structures of interest and degrade the overall quality of the
image. Median filters are described using a mask in space.
Median filters reduce noise without destroying the edges. By
using a median filter, the grey-level of each pixel is replaced
by the median of the grey levels in the mask. What makes
median filters differ from lowpass linear filters is the use of
“median” as opposed to “average”. Each of the original
images is then processed based on the example steps above.
Image Enhancement

In some examples, image enhancement techniques are
applied further applied as part of the image pre-processing
of block 204.

Image enhancement may be used to improve the inter-
pretability or perception of information in images for view-
ers. Image enhancement is involved in our algorithm to
emphasize the features of interest, the pelvic region, while
simultaneously put less emphasis on soft tissues and other
organs. This ensures that the original image quality is
improved with “better” information reflected about pelvic
bones.

The techniques for image enhancement are classified to
two types: the techniques in spatial domain and the tech-
niques in frequency domain. The first type focuses on
manipulating pixel intensity directly. Brightness contrast
stretching may be conducted using s=T(r), where r is the
grey level of the pixel (X, y) before image enhancement; s is
the grey level of the pixel (x, y) after image enhancement.
FIG. 3 shows an example brightness contrast stretching
process 300 that may be implemented, as an example
imagine enhancement. An input image, e.g., the original CT
image or pre-processed image, is received from a block 302
image to an image enhance engine, in this case a contrast
stretching engine 304. The engine 304 receives enhance-
ment technique data, such as filtered versions of the image
in the digital wavelet transform (DWT) domain, from a
block 306 and spatial domain manipulated pixel intensity
data from a block 308, from which the engine 304 generates
an improved/enhanced input version. The process 300 stores
the enhanced input image at block 310. The contrast
enhancement is determined using the transformation of
s=T(r) to stretch the gray level of the object of interest.

In any event, returning to FIG. 2, the pre-processed image
data from block 204 is provided to an edge detection block
208.

Edge Detection

Edge detection is a fundamental tool in computer vision.
In medical image processing, it is necessary to identify the
boundary between the objects and separate the objects from
each other. The edge of the image is the local area whose
brightness changes significantly. The identification and
extraction of the edge is useful for recognizing and under-
standing the entire image. Detected edges are normally the
important features for image segmentation.
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In the present techniques, once the image enhancement is
conducted, a series of edge detection steps may be taken for
preliminary bone tissue segmentation. Example edge detec-
tion techniques include applying a Canny edge detection
technique to detect the edges of bone tissue and morpho-
logical operations to remove spurious edges and sub-edges
connection and removal.

In an example, the edge detection block 208 may perform
the following. First, edge detection (such as a Canny detec-
tor) is applied to obtain the preliminary edges. Second,
morphological operations were performed to remove spuri-
ous edges and to make the bone edges continuous and
smooth. Third, start and end pixels of each sub-edge are
detected if there still remain a few disconnected edges. If
there are less than 3 (where the number “3” was determined
empirically) discontinuous pixels between the start and end
pixels, a loop is formed to make them continuous. If the
number of connected pixels of each sub-edge is less than
three, it is considered isolated and those pixels are removed
from the image.

Shape Matching

In addition to edge detection and pre-processing, the
system 100 may apply shape matching between images, for
example using a shape matching technique. Two images
may be used for example. The first image may be the
detected edge of each analyzed slice and the second image
is one of a number of predetermined bone templates. For
example, 100 anatomical bone templates may be accessed
for shape matching, where these bone templates have been
selected from the bone regions from part of the male and
females data available from the Visible Human Project
dataset, available from the U.S. National Library of Medi-
cine, National Institutes of Health. Templates may be based
on male or female image data, whether collected from the
foregoing database or other databases, including local and
national databases.

For shape matching, the templates may be compared to
similar images of patients in order to determine the best
matched template. An overview of an example process 400
is illustrated in FIG. 4. Initially, a number of control points
are selected automatically in each image to allow matching
between the images. The matching between the objects in
the template r and the preliminary segmented bone can be
built based on these control points. For example, first, n,
control points on the edges of the objects in the segmented
image and n, control points on the edges of the objects in the
template image are sampled, because the edge points rep-
resent and describe the shape of object better than other
points such as those inside the solid areas. The n, points on
the segmented object and n, points on the template r object
represent a percentage of the total number of points around
the edges of the objects in each image.

Second, once the controls points are selected for both the
images, the shape context is determined for each point on the
contour of the objects in the images. Shape context is a
descriptor used for each selected point in the sampled shape
as described in the first step. For each point p, among the n,
and n, control points on the shape of the corresponding
objects in the segmented image and template r, the shape
context of the point p, is defined using a coarse histogram
h,(k) of the relative coordinates of the remaining n,-1 and
n,-1 points in the corresponding contours as defined;

hiky=#A4{g=p;1q-pebin(k)}
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where bin(k) is a region encompassed by two rays and two
radii, and for any set A, #A is the number of sample points
in the set A. This histogram defines the shape context of the
point p,. The histogram bins are uniform in a log-polar
space, making the descriptor more sensitive to the positions
of nearby sample points.

Third, the matching cost for each individual point is
determined. After computing all the shape context descrip-
tors, consider a point p, in the detected edge, and a point g,
in the template image, the cost of matching a point is as
follows:

k

1
Clpi, gi) = EZ

k=1

[hik) — b (k)1
hi(k) + hj(k)

where h,(k) and h (k) are the K-bin normalized histograms at
p, and q, respectively. This function determines the match-
ing between any pair of points on the contours of the two
objects and allows quantitative assessment of the fitness of
any pairing.

Fourth, the matching cost between shapes in the seg-
mented image and the template is determined. The overall
cost of a match between the shape in the segmented image
and the shape in the template image is the result of mini-
mizing the sum of all individual point cost matches.

This process may be repeated for all the templates (e.g.,
100 bone templates). After the best matched template is
found, the corresponding training shape models of each best
matched template can be directly applied to the preprocessed
image for bone segmentation as further described hereinbe-
low. In this way the shape matching is used to match the
detected edge or every one of the available templates to find
the best matched template.

Image Registration

As shown in FIG. 2, with the pre-processing 204 and edge
detection 208 performed and identifying best matching
template, the block 206 may be used for image registration,
as now described.

The present techniques employ an RASM structure that
that can segment the pelvic bones from CT images auto-
matically and accurately. To facilitate this initialization
process is proposed for RASM, using image registration and
homogeneity features extracted from pelvic bone.

Image registration is used to get robust training models
from different patients despite variations in their bones
and/or bone image data (e.g., translation, rotation, scaling,
etc.). As applied, in some examples, the image registration
of block 206 performs an enhanced homogeneity feature
extraction from each training image, correlation coeflicient
calculation for similarity measure, affine transformation, and
Powell algorithm for optimization. Homogeneity, in this
project is defined as a composition of two components:
standard deviation and discontinuity of the intensities. Stan-
dard deviation describes the contrast within a local region in
the image and discontinuity measures the abrupt changes of
gray level/Hounsfield unit, which is obtained using edge
detection.

Suppose S, is the intensity of a pixel P,; at location (i,j) in
an MxN image, and W, is a size dxd window centered at

(i)
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The standard deviation of pixel P; is defined as:

1 -1y =D 5
S = 7 X 2 (g )
pein(@-1)2 g=j—@d-D)2

where O<i, p<M-1, Osj, q=N-1
1, is the mean of the gray levels within window w,, and is
defined as:

1 i+Hd-1)y2 j+d-1)/2

Hij = - 8pq
peic@-D2g=jo@-1)2

Discontinuity is calculated using Sobel edge detector and
it use the magnitude of the gradient as the measure:

e;j=1/G§(+G§

where G, and G, are the components of the gradient in x and
y direction. Then the two values are normalized and Homo-
geneity value is determined:

g
g

Homo(i, j) = 1 - E(i, )X SG, j)

Since the bone tissues in pelvic CT images have higher
intensity values, they appear brighter than other regions in
the CT images. From the definition of Homogeneity value
defined above, it can be seen that, the greater the intensity
differences between a pixel and its neighbor pixels within
the window of size dxd, the smaller the value of Homoge-
neity. This allows the bone tissues to be effectively recog-
nized and extracted for registration.

FIG. 5 shows a flowchart of an example image registra-
tion process 500. FIGS. 6(a)-(%) shows the results obtained
by Homogeneity extraction from the original images. The
results show that the Homogeneity features of bone tissue
are clearly detected and the bone shapes are precisely
represented. Also, other objects like soft tissues are
removed. FIGS. 6(a) and 6(e) are the original pelvic CT
images, FIGS. 6(b) and 6(f) are the images based on the
Homogeneity feature extraction from FIGS. 6(a) and 6(e),
FIGS. 6(c) and 6(g) are brightness enhanced images and
brightness is adjusted shown in FIGS. 6(d) and 6(%). The
Homogeneity features are utilized for further image regis-
tration, which is described in next section.

FIGS. 7(a)-(c) show the results of homogeneity features
based image registration. Visually, the size, location and
rotation angle of the registered bone is more closely matched
with the reference image rather than with the original input
image FIG. 7(a). The maximum correlation value of 0.3947
is obtained through registration. FIG. 7(a) is the input image,
FIG. 7(b) is reference image, and FIG. 7(c) is the registered
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image. In this example, the affine parameters are: transla-
tion—32, 5.25; rotation—S5; scaling—1.028;

In the illustrated example of FIG. 5, the present tech-
niques have been used to receive an original CT image, in
which objects that are not part of the target image were
removed, and identifying an abdominal region (502) for
extraction to produce a feature extracted image (504), which
is then image enhanced which may include edge enhance-
ments (506), whereafter brightness adjustment may be per-
formed (508). The resulting image data is provided to the
image registration block 206. In this way, FIG. 5 provides an
example of homogeneity extraction and adjustment.
Registered Active Shape Model

In general, the standard ASM uses training images labeled
with landmark points to generate statistical shape and inten-
sity-level models of a desired object. The shape model can
be iteratively deformed to locate the object in a test image.
The landmarks are points selected by an expert for the bone
region in each registered image during the training phase.
Then, the algorithm attempts to fit the shape model to the
object. However, the pelvic bones in each original training
image have different sizes, rotation angles and locations that
may lead to unstable and unreliable shape models for
inaccurate bone segmentation.

In order to overcome this limitation, the present tech-
niques use a new process RASM, formed using the image
registration technique described above. RASM is developed
to create a set of more robust training models which will
result in better segmentation. For each level in pelvic CT
scans, all the training images are registered to the template
to create the registered shape models. The entire RASM
algorithm includes two stages: training stage in which
registered training models are created, and the testing stage
that includes automatic initialization.

FIG. 8 illustrates an example process 600 for implement-
ing RASM. Bone templates are provided from a block 602
to a correlation calculation engine 604. The process 600
seeks to take these bone templates and form registered
versions of them, to produce more accurate templates as part
of a homogeneity features-based image registration, in
which the size, location, scale, and rotation angle of the
template is more closely matched with the reference image.
In this way, the bone templates are made much more
accurate as they adaption is integrated through the entire
bone segmentation and fraction detection process.

In the illustrated example, the initial data from the cor-
relation engine 604 is provided to a Powell search optimi-
zation determination at 606, where if the correlations are
optimized, the registered image is produced at 608, and if
not an affine transformation is performed 610 to provide
further size, location, scale, and rotation angle manipulation
of the bone template image and training image.

In addition to the bone template images from block 602,
the process 600 relies upon training images 612. In an
example, the bone template images 602 were from the
Visible Human Project, while the training images were from
hospital patients. 100 bone templates were used and 20
training images. But the number of bone templates and
training images, each representing an image at a different CT
slice location, may be any number of images from 1-10,
10-100, or 100+. The techniques are not limited by the
number of images, although between 10-100 images is
generally considered to provide increasingly accurate
results.

The training images 612 are provided to a homogeneity
feature engine 614 for initial image pre-processing and
image enhancement. Initial affine transformations may be
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applied at a block 616, which provides the adjusted training
images to a bilinear interpolation engine 618, which also
receives the affine transformation bone template images
from block 610. The interpolation engine 618 allows for
proper re-sampling of the images. The process then repeats
at the correlation engine 604. For registered images 608, the
process 600 creates training models 620 that may be used in
bone segmentation and fracture detection. These registered
images and training models encapsulate the RASM process
and the improvements it is capable of offering over conven-
tional ASM techniques. From the training modules 620, an
initial position detection 622 may be determined and testing
images 624 produced. Thus, the process may be used for
bone segmentation and fracture detection of actually
obtained CT images.

Initialization for RASM

ASM takes a statistical approach that requires a set of
labeled training images to determine variations of the
desired shape in testing new images. The standard ASM has
been widely used in the recent years, but this method is
highly sensitive to initialization. It requires that the initial
position be correctly assigned to the training model in order
to detect a target object in the image. Then the algorithm can
attempt to fit the shape model to the object. If the shape
model is not accurately placed, the Standard ASM method
often fails to detect the target object.

The present techniques overcome this shortcoming using
a hierarchical initialization process that composes image
registration, extracted bone features as well as prior edge
detection results to sequentially place the training models for
each individual object. This process avoids the need for
manually indicating the initial positions. This will avoid
human interference and reduce human-caused errors. An
example initialization process 700 is illustrated in FIG. 9.
The diagram of segmentation using RASM and initialization
process is shown in FIG. 10. The algorithm is described as
follows.

At a block 702, each training input image, T, is registered
to corresponding anatomical template, where n=1, . .., N.
N is the total number of training images. The coordinates for
the landmarks in each bone structure are represented as
(Xp1:¥p,1)s forp=1,2, ..., P 1=1,2, ..., L, where p is the
number of bones, L is the number of landmarks for each
bone. The mean shapes or a training model are obtained
using RASM at the block 702. The landmarks are the points
selected by the expert to outline the boundary of bone region
in each registered training image. During the training pro-
cess for creating shape models, the uppermost position of
each bone is taken as the starting landmark of the shape
model.

At a block 704, the centroid (C,,, D,) is determined for all
the mean shapes of the bones from block 706. All C,, values
are sorted from the smallest to the largest.

At a block 706, the test image, E,,, from block 608 is
registered to the corresponding template using homogeneity
based image registration, where m=1, ..., M, and M is the
number of test images.

At a block 708, pre-processing and edge detection meth-
ods are applied to the test image E,, to obtain the bone edges.
The approximated contour of each piece of pelvic bone is
detected.

At a block 710, a centroid (C,', D,) is determined for all
approximated contours of each piece of pelvic bone in test
images. All C,' values are sorted from the smallest to the
largest.

At a block 712, the corresponding relationship between
these two groups of centroids (C,, D,) and (C,', D,") is
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achieved based on their sorted positions, through which the
corresponding relationship between different training mod-
els and bones in test images is also achieved.

At a block 714, a bounding box of each bone is deter-
mined for the test images.

At a block 716, in the test images, within each box
bounding, the corresponding training model (716) is
assigned the initial position of the means shapes (718) from
which the uppermost position of the bone edge (720), then
each shape model is correctly placed. FIG. 10 illustrates the
process at a high level.
3D Pelvic Bone Visualization

The radiologists usually observe and analyze the patients’
data with the combination of both 2D images and 3D models
to make accurate diagnostic decisions in clinical diagnosis.
In some present examples, we apply the isosurface method
to form the 3D pelvic bone models utilizing the segmented
pelvic bones from 2D CT slices. In medical imaging area,
isosurfaces may be used to demonstrate regions of a specific
density in a three-dimensional CT scan. This technique
allows the visualization of organs, bones, or other structures.
An isosurface is a 3D surface that represents points of an
equal constant value within a volume of space-3D data
distribution. Isosurface from the volume data is computed
using the isosurface parameter specified. Isosurfaces are
often used as data visualization methods, can be drawn on
the screen very quickly.

After the 2D bone structures are extracted from continu-
ous CT images slices, we set a sphere in 3D domain as
{x*+y*+7>=R?} a threshold as 0.5. The pixel value of all the
non-bone regions and the bone regions are set to 1. An
isosurface is therefore formed based on the threshold value
to separate the bone region in each layer from the back-
ground. The isosurface connects the points that have the
equal pixel value and represent a 3D model of pelvic bone
structure.

Fracture Detection and Displacement Measurement

Automated fracture detection is valuable for making fast
and accurate decisions and treatment planning. In order to
detect the pelvic bone fractures successfully, utilizing the
bone information contained in pelvic CT images is very
useful. After bone segmentation, a multi-stage process is
used for fracture detection in the pelvic CT scans. In some
example implementations of the technique, fracture detec-
tion of pelvic bones may be implemented in several steps.
First, pelvic bone segmentation is conducted via the pro-
posed RASM process. The image is separated into two
regions, along an approximated axis of symmetry. The
information from these two regions is used to create two sets
of multiple adaptive windows. Later, 2-D Stationary Wave-
let Transform (SWT) is applied to each window to test the
contour discontinuities in each window using boundary
tracing. If there is a contour discontinuity in a window, then
it is considered as a potential bone fracture.

FIG. 11 illustrates an example the fracture detection
process 800. The process 800 initially includes the pelvic
bone segmentation performed using RASM, as discussed
herein. Discontinuities around the bone boundary help iden-
tify the presence of fracture. Therefore, a detailed view of
bone boundary as provided herein facilitates automated
fracture detection. Creation of adaptive windows around the
bone boundary to facilitate the process of identifying the
discontinuities. The adaptive windows may be created
across the entire imaging window or selected portions
thereof. The present techniques may use adaptive windows
created around the bone boundary to obtain a more detailed
view of any discontinuities that may indicate fractures
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around the bone boundary. The appearance of bone fractures
in a pelvic CT scan depends on the injury severity. Major
fractures are usually visible while minor fractures may not
severely distort the edge of the bone; instead they may
appear as dual edges or a single sub-edge that is slightly
blurred compared to the neighboring edges. Therefore, it is
valuable to refine the blurred boundary of each segmented
bone in order to achieve accurate fracture detection. The
refinement is done using a wavelet transform and edge
detection. However, due to local intensity variations, it may
be difficult to achieve practical and desirable results by
applying wavelet transform to the entire bone structure.
Hence, the detected bone boundary may be divided into a
series of windows. The size and location of each window is
determined by the area of the bone and boundary detected
using the RASM. This is called adaptive windowing, herein.

Based on the segmentation formed by the RASM process,
landmarks are placed on the boundary of each segmented
bone. The process starts from the first segmented pelvic
bone region, 802. The adaptive window is created (804)
based on each landmark placed on the segmented bone
boundary. The size of each window is determined by the
distance between each landmark and its previous landmark,
as well as the distance between each landmark and its
previous landmark. The location of each adaptive window is
detected based on the landmarks around the entire bone
boundary, i.e., adaptive windowing. The adaptive windows
are created as follows.

The coordinates for the landmarks in each bone structure
are represented as (X, ;, Y, ), for p=1, 2, . . . , N, 1=,
2, ..., M, where, N is the number of bones, M is the number
of landmarks for each bone.

The landmarks are located at the center position of each
window. In order to ensure the size of the adaptive windows
is suitable to cover the entire bone boundary, the length of

the sides of the windows, S, |, is identified using:

\/(xp,H = X5 )2+ Vpiet = Ypu)* +

\/Xp,m = %502 + pir1 — Ypu)?
Spi 5

where (X,; ,, ¥,;,1) is the previous landmark of each
landmark (x,, ;, y, ;) and (X, .1, ¥,1.1) 1s the next landmark
of each landmark (x,,;, y,,,)-

Since the area of each adaptive window is small, in order
to obtain more suitable virtualization effects, each window
is scaled to the size of 256x256 by applying a bilinear
interpolation technique. After adaptive windowing, 2-D Sta-
tionary Wavelet Transform (SWT), non-bone region mask-
ing and boundary tracing, as described later, are performed
on each window.

The 2-D Stationary Wavelet Transform

After adaptive windowing, 2-D Stationary Wavelet Trans-
form (SWT) 806 is applied on each window in order to
refine the blurred boundary of segmented pelvic bone. SWT
may be applied as it is designed to overcome any shift
variation.

Two sets of coefficients are obtained through wavelet
transform, one is approximation coefficients, cA;, and the
other is detail coeflicients, cD, where j is the level of
decomposition, including horizontal, vertical and diagonal
coefficients. Decimation makes wavelet transform a shift-
variant process. To overcome this shortcoming, stationary
discrete wavelet transform was used.
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The scaled window W is first decomposed via the 2-D
Stationary Discrete Wavelet Transform. The classical Dis-
crete Wavelet Transform (DWT) is not a space-invariant
transform. The SWT is an algorithm which does not deci-
mate the coeflicients at every level of decomposition. The
filters at level i1 are up-sampled versions of those at level
(i-1). As with the 2-D DWT, decomposition outputs
approximation, horizontal, vertical and diagonal coeffi-
cients. In this application, three levels of decomposition are
applied to window W using the Haar wavelet. The level 3
detail coefficients, ¢D,,,(h), cD,,,(v), c¢D,,,(d), are then
extracted and used to reconstruct detail arrays D,, D, and D,
of horizontal, vertical, and diagonal coefficients.

Masking

In this particular example, the next step in the fracture
detection is to create a binary version of the chosen detail
coeflicients from the wavelet transform W, at a block 808.
This binary version not only contains the pelvic bone
contour, but also includes other extra and unnecessary edges.
A mask is formed to filter these redundant edges out. The
mask W, is formed by converting the smoothed window to
a binary image using Otsu’s threshold. The threshold is
computed to minimize the intra-class variance, defined as a
weighted sum of variances of two classes, black and white
pixels.

0,7 O=w DO (}+wH(1)05°(1)

Weight w, is probability of each class separated by a
threshold t and 0,2 is variance of each class. Minimizing the
intra-class variance is the same as maximizing inter-class
variance:

05’ ()=07-0, (O =wi D)W (D) [ () -p(D)]

Where w, is probability of each class and y, is the class mean.

The contour is then extracted from the binary image. The
unwanted edges are removed from the binary image to
create an edge window. Later, a precise edge window W, is
obtained by removing the extra edges in the image using the
pelvic bone contour and the mask. The process is defined as
a combination of W, and W,,.

W,=W,x7,,

Boundary Tracing

After masking, the next step in fracture detection is
discontinuities detection, block 810. This is achieved by
tracing the extracted bone edges. Sometimes, small artifacts
surrounding the extracted bone edges may interfere with the
boundary tracing. Therefore, these artifacts must be
removed. These are removed by applying morphologic
opening to all the objects in the image with area below a
specific threshold. The remaining edges are then traced
using the 8-neighborhood of each pixel and are returned as
a matrix of pixel positions. The traced edges represent the
pelvic bone contours. Depending on different types of frac-
ture and severity of fracture, if a fracture is present, as
determined by block 812, then multiple boundaries can be
identified in the selected window, then it is considered as a
potential bone fracture. If the window has a single continu-
ous boundary, then it is considered as no presence of
fracture.
Quantitative Displacement Measure

The quantitative displacement measurement is important
to determine the pelvic injury severity. For the above
detected fracture, the displacement may be determined at
block 812 by measuring the distance between the tips of the
fractures bone. If (x,, y,) is the coordinate of a tip of one
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piece of the fractured bone and (x,, y,) is the coordinate of
a tip of the other piece of the same fractured bone, the gap
d is calculated as follows:

P [y

Due to the window scaling effect of the previous step, the
gap d, is calculated using

Sp.
A (x, —x )2 oy )2 x 22
(X0 = X)" + (Yo — ys)* X 756

dy =

FIG. 12 shows the displacement measurement in the
fractured bone. In any event, the block 812 automatically
identifies the fracture and in some examples the severity of
the fracture.

Evaluation Measures

In order to quantify the segmentation accuracy, suitable
measure is required to evaluate the segmentation results. In
this section we give precise definitions for evaluation criteria
that we believe are useful and intuitive for evaluation
purposes.

Mean Distance: Given two surfaces S, and S, we define
the distance d(p,,.S,) between a point p,, on a surface S, and
the surface S, as:

d{pn, $2) ="

Prcs, 1P = Pll

We define the mean distance between surface S, and the
surface S, as:

L
D d(pn 52)
1

d(mean) = = T

where |||, denotes the Euclidean norm, p, denotes each
landmark on surface S, and p,, denotes each landmark on
surface S,, L. denotes the total number of landmarks on the
surface.

Mis-segmented Area: The idea is to have a measure that
represents the uncommon area of the segmented surface and
gold standard surface of pelvic bone. Given two surfaces S1
and S2, we define the areas as Al and A2, the Mis-
segmented Area MA of two surfaces S1 and S2 can be
defined as:

E %100
[Aq]

where:

G ={pixels: p| peA/UA2 pe A A}

These results were evaluated by expert radiologists as
ground truth for assessment. Visual inspection was also used
for assisting to evaluate performance of pelvic bone seg-
mentation. The segmented bones was classified into three
categories: Good, Acceptable, and Unacceptable. These cat-
egories were determined via consultation with a trauma
physician, who identified actual bone contour as the ground
truth.
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The segmentation results can be represented with a mean
distance error, used to identify the segmentation result as one
of these three classes. The shapes represented with mean
distance errors of less than 1.6+0.2 mm are classified as
good, the shapes represented with mean distance errors
between 1.6£0.2 mm and 2.2+0.2 mm are classified as
acceptable, the shapes represented with mean distance errors
more than 2.2+0.2 mm are classified as unacceptable. The
segmentation result can also be represented with a mis-
segmented area, identifying the segmentation result as one
of these three classes. The shapes represented with mis-
segmented areas of less than 10% are classified as good, the
shapes represented with mis-segmented areas between 10%
and 20% are classified as acceptable, the shapes represented
with mis-segmented areas more than 20% are classified as
unacceptable. Among all the segmentation results of 886
testing images across fifteen patients, 83.07% of them are
classified as good, and 13.54% of them are acceptable and
3.39% of them are detected to be unacceptable. The total
segmentation accuracy for both good and acceptable classes
is 96.61%.

For different pelvic bone structures, the segmentation
accuracy results are shown in FIG. 13. The ilium, ischium,
pubis and femur are almost always detected to be at least
acceptable; however, the sacrum and lumbar show a number
of'unacceptable results. This may be because of the variation
in bone shapes, blurred edge of the bones, poor quality of the
original image, etc. The unacceptable results may be
improved by further training of models across a wider
dataset or using more landmarks for training the model.
Segmentation accuracy, including both good and acceptable
results of different pelvic bones using the proposed method,
the Standard ASM with manual initialization and the Stan-
dard ASM without initialization, are shown in FIG. 14. The
results show the superiority of the proposed method on all
types of pelvic bones.

Since ASM is a supervised learning method, we are
required to test the reliability of the performance of training
models. A cross-validation based method is designed to test
how much different training data can affect the segmentation
results.

For the entire dataset (twenty patients), we shuflle the
order of these data sets. Then four folders of data are created
based on twenty subjects, each folder has five subjects, and
we define the folders as A, B, C and D. Leave one folder out
is utilized for the cross-validation process. One subject is
selected each time from one folder for testing, the remaining
subjects in other three folders are used for creating three
different training models, which apply to each selected
testing subject. This process is designed to avoid choosing
overlapping data for creating different training models and
make them independent with each other. Different key pelvic
bone structures, including right ilium, left ilium, right femur,
left femur, right pubis and left pubis are segmented to
demonstrate and compare the performance of training mod-
els.

Table 6.2 shows the average segmentation performance
for the testing subjects in A using three training models
created from B, C, and D. Table 6.3 presents the average
segmentation performance for the testing subjects in B using
three training models created from A, C, and D. Table 6.4
shows the average segmentation performance for the testing
subjects in C using three training models created from A, B,
and D. Table 6.5 presents the average segmentation perfor-
mance for the testing subjects in D using three training
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models created from A, B, and C. In the tables, MD denotes
Mean Distance between the segmented surface and ground
truth surface.

For the segmentation performance, 90% of the total
testing subjects are classified as good and there is slight
difference among the segmentation results using different
training models. Based on the entire performance of three
different training models on key pelvic bone structures

16

across testing subjects, we can conclude that the selection of
training data to form training models has slight influence to
the final segmentation results. Also, each training model
performs well on different testing subjects and most of the
segmentation results are classified as the Good. The created
training models in this technique for pelvic bone segmen-
tation are effective and reliable.

TABLE 6.2

Performance of three training models from B, C, and D for five testing subjects in A.

Testing Subjects/Training

Model Training Model B Training Model C = Training Model D

First testing subject in A Good Good Good
MD: 0.6 £ 0.2 mmMD: 1.0 + 0.2 mm MD: 1.5 £ 0.1 mm

Second testing subject in A Good Good Good
MD: 1.1 £ 0.2 mmMD: 1.2 + 0.3 mm MD: 1.0 £ 0.2 mm

Third testing subject in A Good Good Good

Fourth testing subject in A

MD: 0.8 £ 0.4 mmMD: 1.0 £ 0.5 mm MD: 0.9 + 0.2 mm
Acceptable Good Good
MD: L7 + 0.6 mm MD: 1.5 + 0.2 mm MD: 1.3 £ 0.3 mm

Fifth testing subject in A Good Good Good

MD: 0.8 £ 0.2 mmMD: 0.8 £ 0.2 mm MD: 0.9 + 0.4 mm

TABLE 6.3

Performance of three training models from A, C, and D for five testing subjects in B.

Testing Subjects/Training Model Training Model A Training Model C Training Model D

First testing subject in B Good Good Good

Second testing subject in B Good Good

MD: 1.5 £ 0.2 mmMD: 1.6 + 0.3 mmMD: 1.3 = 0.4 mm
Acceptable
MD: 0.6 £ 0.2 mmMD: 0.7 £+ 0.4 mmMD: 2.2 = 0.8 mm

Third testing subject in B Good Good Good

Fourth testing subject in B Good

MD: 1.6 £ 0.3 mmMD: 0.9 £+ 0.2 mmMD: 1.2 = 0.2 mm
Acceptable Good
MD: 1.6 £ 0.2 mmMD: 2.1 £ 0.7 mmMD: 1.0 £ 0.2 mm

Fifth testing subject in B Good Good Good

MD: 1.1 £ 0.4 mmMD: 0.8 £ 0.2 mmMD: 1.0 £ 0.2 mm

TABLE 6.4

Performance of three training models from A, B, and D for five testing subjects in C.

Testing Subjects/Training Model Training Model A Training Model B Training Model D

First testing subject in C Good Good Good

MD: 1.2 £ 0.4 mmMD: 1.0 £+ 0.2 mmMD: 1.3 = 0.3 mm

Second testing subject in C Good Good Good

Third testing subject in C

MD: 0.8 £ 0.2 mmMD: 0.6 + 0.2 mm MD: 0.6 +0.2 mm
Acceptable Acceptable Good
MD: 2.2 £ 0.5 mmMD: 1.9 £ 0.3 mmMD: 1.6 = 0.3 mm

Fourth testing subject in C Good Good Good

MA: 1.6 £ 0.3 mmMA: 1.5 + 0.2 mmMD: 1.3 = 0.4 mm

Fifth testing subject in C Good Good Good

MD: 0.7 £ 0.2 mmMD: 0.6 £ 0.2 mmMD: 1.0 £ 0.1 mm

TABLE 6.5

Performance of three training models from A, B, and C for five testing subjects in D.

Testing Subjects/Training Model Training Model A Training Model B Training Model C

First testing subject in D Good Good Good

MD: 1.1 0.4 MD: 1.1 £ 0.2 MD: 1.2 £ 0.3
mm mm mm
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TABLE 6.5-continued
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Performance of three training models from A, B, and C for five testing subjects in D.

Testing Subjects/Training Model Training Model A Training Model B Training Model C

Second testing subject in D Good Good
MD: 1.0 £ 0.2 MD: 1.5 = 0.2

mm mm

Third testing subject in D Good Good
MD: 0.8 = 0.2 MD: 1.3 0.3

mm mm

Fourth testing subject in D Good Good
MD: 1.5 = 0.4 MD: 1.6 = 0.2

mm mm

Fifth testing subject in D Good Good
MD: 0.6 = 0.2 MD: 0.7 = 0.3

mm mm

Good

MD: 1.4 £ 0.4

mm
Good

MD: 0.9 = 0.4

mim

Acceptable
MD: 2.1 = 0.6

mm
Good

MD: 1.0 £ 0.3

mim

Example Results for Fracture Detection

The results show that the method can successfully detect
fracture even in the case of small fractures. Table 6.2
presents the performance of the method detecting fractures.
The proposed method is highly sensitive to the discontinui-
ties present in the bone and is also capable of detecting
fractures that are very difficult to identify by visual inspec-
tion.

FIG. 15(a)-(d) and FIG. 16(a)-(d) show the results
obtained at various stages of fracture detection. In these
FIGS. 15 and 16, (a) is the original image, (b) is the
extracted adaptive window after being scaled, (c) is the
enhanced window after brightness contrast enhancing. This
is done for better visualization effect. In addition, FIG. 15(d)
shows the final fracture detection results. In FIG. 15, the
patient suffers from a minor fracture in right iliac wing. FI1G.
15(d) indicates the fracture detected in the right iliac wing.
FIG. 16 is the “no fracture” case. The result in FIG. 16 (d)
shows that the bone appears smooth with no fracture. FIG.
17(a)-(d) illustrates a patient with a very severe fracture in
the right ilium bone. Fractures are detected from the win-
dows of this bone region. Example of detected fractures
shown in FIG. 17(d) indicates fractures in three different
regions of the right ilium bone. These results are evaluated
by an expert radiologist and are considered acceptable. For
7.8% of the cases, the method was unable to capture the
fracture. This may be due to the blurred edge of the bones,
and the poor quality of the original image.

Table 6.6 presents the performance of the method detect-
ing fractures, in accordance with an example. Relative high
accuracy, sensitivity and specificity have been achieved,
which show the validity and superiority of the proposed
method for fracture detection.

TABLE 6.6

Performance of pelvic bone fracture detection.

Statistical Results Accuracy Sensitivity Specificity

Rate % 89.5 91.5 89.5

In order to avoid the existing unbalance of the data,
between non-fracture windows (e.g., 53000+ and no fracture
windows approx 700, in this example) we randomly select
700 non-fracture windows to make the entire dataset bal-
anced and evaluate the performance of the proposed method.
The results are presented in Table 6.7.
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TABLE 6.7

Performance of pelvic bone fracture detection.

Statistical Results Accuracy Sensitivity Specificity

Rate % 89.2 91.5 87

Example Results of 3D Pelvic Bone Structure Modeling

Since 2D pelvic CT images provide limited and local
information in each slice, 3D pelvic bone models are very
often required to present a full range of the entire bone
structure in clinical diagnosis. The radiologists usually
observe and analyze the patients’ data of both 2D slices and
3D bone models to make accurate diagnostic decisions. FIG.
18 shows example results of 3D pelvic bone structure
modeling. After the pelvic bone from each continuous 2D
pelvic CT image is successfully segmented, the 3D model is
reconstructed utilizing these extracted 2D bone structures.
The models are created using the isosurface method. As we
can see, a human’s 3D pelvic bone is clearly presented from
different points of view. With the present techniques, the
pelvic model can be rotated to any angle which will help the
physician comprehensively observe the entire pelvic bone
structure and detect any abnormality of the patient. In
addition, 3D visualization may be used for further validating
the 2D segmentation results. However, for the specific
measure of fracture or hemorrhage severity, 2D images will
likely provide more details.

As discussed above, the techniques herein, implemented
in different ways, can provide numerous advantages over
conventional techniques. By way of example, and not limi-
tation, these include:

1) A segmentation technique for multiple pelvic CT scans.
The technique including pre-processing, shape matching,
and Registered Active Shape Model (RASM). For pre-
processing, a hierarchical method to perform preliminary
bone segmentation may be used that incorporates morpho-
logical operations, image enhancement, and edge detection.
The proposed hierarchical segmentation method provides
automation partially due to the use of a shape matching
algorithm.

2) An image registration technique that couples with
Active Shape Model to create shape models. The registration
method may apply enhanced homogeneity feature extrac-
tion, correlation coeflicient calculation for similarity mea-
sure, affine transformation, and Powell algorithm applica-
tion.

3) The RASM process proposed herein provides a more
robust training model over conventional techniques. The
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pelvic bones in each original training image have different
sizes, rotation angles and locations. Therefore, after the
pelvic bones in each training image are registered to the
corresponding anatomical template, more robust and reliable
training models are created for better segmentation perfor-
mance.

4) The RASM process provides a hierarchical initializa-
tion process that avoids the initialization sensitivity of
standard ASM techniques. If the shape model is not accu-
rately placed, the standard ASM techniques may fail to
detect the target object, whereas present initialization pro-
cesses, composed of image registration, extract bone fea-
tures as well as prior edge detection results to sequentially
and automatically place the training models on each indi-
vidual object.

5) A training model validation process is designed to
demonstrate that the selection of training data has a very
small effect on the segmentation outcome. The validation
process also shows that generated training models are reli-
able and effective.

6) The techniques provide an automated way to detect
fractures in the pelvic bone by analyzing the segmented
images and detecting discontinuity. For example, this may
be achieved by creating a series of adaptive windows based
on the boundaries extracted from the segmentation process
performed using RASM. The technique sequentially tests
the bone boundary of each slice for contour discontinuities
which may indicate fracture.

7) More broadly, as it will be understood upon reading
this disclosure, the techniques described herein can be
applied for segmentation as well as detection of bone
fracture in other types of medical images captured from
other parts of human body. The method can also be used for
segmentation of unanimated objects.

With reference to FIG. 19, an exemplary system 900 for
implementing the blocks of the method and apparatus
includes a general-purpose computing device in the form of
a computer 912. The computer 912 may be decision support
system for segmenting bone and identifying fractures in
pelvic or other bone structures. Components of computer
912 may include, but are not limited to, a processing unit
914 and a system memory 916. The computer 912 may
operate in a networked environment using logical connec-
tions to one or more remote computers, such as remote
computers 970-1, 970-2, . . . 970-», via a first communica-
tion network 972, such as local area network (LAN), and/or
a second communication network 973, such as wide area
network (WAN) 973, via a communication interface 975.
The communication interface 975 may include a variety of
hardware for wireless and/or wired communications capa-
bilities. Exemplary wireless communication hardware in the
communication interface 975 may include cellular tele-
phony circuitry, GPS receiver circuitry, Bluetooth circuitry,
Radio Frequency Identification (RFID) or Near Field Com-
munication (NFC) circuitry, and/or Wi-Fi circuitry (i.e.,
circuitry complying with an IEEE 802.11 standard), as well
as hardware supporting any number of other wireless com-
munications protocols. The communication networks 972
and 973 may be over wireless or wired communication links.
Example wired communications may include, for example,
USB circuitry, Ethernet circuitry, and/or hardware support-
ing any number of other wired communications protocols.
The network 973 may connect the system 912 to any number
of network-enabled devices. The remote computers 970-»
may represent a network-enabled wireless terminal, a phone,
a tablet computer or personal digital assistant (PDA), a
smartphone, a laptop computer, a desktop computer, a tablet
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computer, hospital terminal or kiosk, a portable media
player, an e-reader, or other similar devices (not shown). An
example smartphone 980 is shown. Of course, any network-
enabled device appropriately configured may interact with
the system 900. Such devices may be used to display bone
images, for example, via communicating imaging data to a
remote device 970-., 980, etc. having a display for display-
ing operation of the block 218. Example resulting images are
those shown herein.

The remote computers 970 may include other computers
like computer 912, but in some examples, these remote
computers 970 include one or more of (i) an CT scanning
machine, (ii) a medical imaging system, and (iii) a signal
records database systems, (iv) a scanner, and/or (v) a signal
filtering system

In the illustrated example, the computer 912 is connected
to a CT scanning machine labeled machine 970-1. The CT
scanner 970-1 may be a stand-alone system. In some
examples, the computer 912 is integrated with the CT
scanner 970-1.

Computer 912 typically includes a variety of computer
readable media that may be any available media that may be
accessed by computer 912 and includes both volatile and
nonvolatile media, removable and non-removable media.
The system memory 916 includes computer storage media in
the form of volatile and/or nonvolatile memory such as read
only memory (ROM) and random access memory (RAM).
The ROM may include a basic input/output system (BIOS).
RAM typically contains data and/or program modules that
include operating system 920, application programs 922,
other program modules 924, and program data 926. The
memory 916 may store instructions that when executed by
the processor 914 perform bone segmentation and fracture
detection implementing the processes described herein. The
computer 912 may also include other removable/non-re-
movable, volatile/nonvolatile computer storage media such
as a hard disk drive, a magnetic disk drive that reads from
or writes to a magnetic disk, and an optical disk drive that
reads from or writes to an optical disk.

A user may enter commands and information into the
computer 912 through input devices such as a keyboard 930
and pointing device 932, commonly referred to as a mouse,
trackball or touch pad. Other input devices (not illustrated)
may include a microphone, joystick, game pad, satellite
dish, scanner, or the like. These and other input devices are
often connected to the processing unit 914 through a user
input interface 935 that is coupled to a system bus, but may
be connected by other interface and bus structures, such as
a parallel port, game port or a universal serial bus (USB). A
monitor 940 or other type of display device may also be
connected to the processor 914 via an interface, such as a
video interface 942. In addition to the monitor, computers
may also include other peripheral output devices such as
speakers 950 and printer 952, which may be connected
through an output peripheral interface 955.

Generally, the techniques herein may be coded any com-
puting language for execution on computer 912. CT image
data may be obtained from the remote computers 970-1,
970-2, . .. 970-n and stored loaded on to any of the computer
storage devices of computer 912. Once the CT image data is
obtained, a user may input or select the condition parameters
through an input mechanism as described. Although, in other
examples, the condition parameters may be pre-selected or
automatically determined, for example, based on a particular
type of analysis that is to be performed. The output of the
executable program may be displayed on a display (e.g., a
monitor 940), sent to a printer 952, stored for later use by the
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computer 912, or offloaded to another system, such as one of
the remote computers 970. The output may be in the form of
an image, a graph, a table or any combination thereof, by
way of example. Operations of the system may be recorded
in a log database for future reference as shown. This log
database may be accessed at subsequent times. It will be
appreciated that the above descriptions are provided by way
of example and that numerous modifications may be made
within context of the present techniques.

More generally, the various blocks, operations, and tech-
niques described above may be implemented in hardware,
firmware, software, or any combination of hardware, firm-
ware, and/or software. When implemented in hardware,
some or all of the blocks, operations, techniques, etc. may be
implemented in, for example, a custom integrated circuit
(IC), an application specific integrated circuit (ASIC), a field
programmable logic array (FPGA), a programmable logic
array (PLA), etc.

When implemented in software, the software may be
stored in any computer readable memory such as on a
magnetic disk, an optical disk, or other storage medium, in
a RAM or ROM or flash memory of a computer, processor,
hard disk drive, optical disk drive, tape drive, etc. Likewise,
the software may be delivered to a user or a system via any
known or desired delivery method including, for example,
on a computer readable disk or other transportable computer
storage mechanism or via communication media. Commu-
nication media typically embodies computer readable
instructions, data structures, program modules or other data
in a modulated data signal such as a carrier wave or other
transport mechanism. The term “modulated data signal”
means a signal that has one or more of its characteristics set
or changed in such a manner as to encode information in the
signal. By way of example, and not limitation, communi-
cation media includes wired media such as a wired network
or direct-wired connection, and wireless media such as
acoustic, radio frequency, infrared and other wireless media.
Thus, the software may be delivered to a user or a system via
a communication channel such as a telephone line, a DSL
line, a cable television line, a wireless communication
channel, the Internet, etc. (which are viewed as being the
same as or interchangeable with providing such software via
a transportable storage medium).

Moreover, while the present invention has been described
with reference to specific examples, which are intended to be
illustrative only and not to be limiting of the invention, it
will be apparent to those of ordinary skill in the art that
changes, additions and/or deletions may be made to the
disclosed embodiments without departing from the spirit and
scope of the invention.

Thus, although certain apparatus constructed in accor-
dance with the teachings of the invention have been
described herein, the scope of coverage of this patent is not
limited thereto. On the contrary, this patent covers all
embodiments of the teachings of the invention fairly falling
within the scope of the appended claims either literally or
under the doctrine of equivalents.

What is claimed:

1. A method for analysis of computed tomography (CT)
images for diagnosis of bone fractures, the method imple-
mented in a decision support system having a processor and
a memory, the method comprising:

obtaining a CT image of a bone and performing a pre-

processing on the obtained CT image to remove a first

set of features to create a pre-processed CT image;
automatically performing an edge detection on the pre-

processed CT image to form an edge enhanced CT
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image and comparing the edge enhanced CT image to
a set of bone image templates;
automatically identifying from among the bone image
templates a matching bone image template correspond-
ing to the edge enhanced CT image, wherein the bone
image template is a best matching template identified
using an affine transformation dependent correlation
between the set of bone image templates and the edge
enhanced CT image, wherein the automatic identifying
is performed using an iterative process over one or
more consecutive cycles, wherein each cycle of the
iterative process includes,
performing a correlation determination between the
edge enhanced CT image and the one or more bone
templates,
determining if an optimization for the correlation deter-
mination between the edge enhanced CT image and
the one or more bone image templates satisfies an
optimality condition for at least one of the one or
more bone image templates, and if the optimality
condition is not met, then (i) performing the affine
transformation on the edge enhanced CT image
and/or on the one or more of the bone image tem-
plates, (ii) performing an interpolation on the affine
transformed edge enhanced CT image and/or on the
affine transformed one or more bone image tem-
plates, and (iii) performing another correlation deter-
mination until the optimality condition is met and the
matching bone image template is identified;
automatically performing segmentation on the edge
enhanced CT image using the matching bone template
using an Active Shape Model (ASM) technique,
wherein the edge enhanced CT image and the matching
bone template are registered to one another forming a
registered ASM technique; and
detecting a fracture in the edge enhanced CT image in
response to application of the registered ASM tech-
nique.

2. The method of claim 1, wherein each of the set of bone
image templates are CT images taken at different slices of a
bone.

3. The method of claim 1, wherein the interpolation is a
bilinear interpolation and wherein the optimality condition is
a Powell optimality condition.

4. The method of claim 1, further comprising performing
in a minimization optimization to determine if the optimi-
zation is complete.

5. The method of claim 1, further comprising performing
contrast stretching on the obtained CT image.

6. The method of claim 1, further comprising adjusting
pixel intensities on the obtained CT image.

7. The method of claim 1, wherein the pre-processing on
the obtained CT image includes performing a homogeneity
based feature extraction on the obtained CT image.

8. The method of claim 1, wherein detecting the fracture
in the edge enhanced CT image comprises identifying plu-
rality of adaptive windows of segments on the edge
enhanced CT image and analyzing each of the adaptive
windows for fracture.

9. The method of claim 8, further comprising:

applying a 2-D Stationary Wavelet Transform (SWT) to

each adaptive window to determine contour disconti-
nuities in each adaptive window;

creating a binary masking of the each adaptive window;

performing a boundary tracing of each binary mask

formed adaptive window; and
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detecting for fractures from the boundary traced masked

adaptive window.

10. An apparatus comprising:

a computer processor; and

a memory storing computer-readable instructions that,

when executed by the computer processor, cause the
computer processor to,

obtain a CT image of'a bone and perform a pre-processing

on the obtained CT image to remove a first set of
features to create a pre-processed CT image;

perform an edge detection on the pre-processed CT image

to form an edge enhanced CT image and compare the
edge enhanced CT image to a set of bone image
templates;

identify from among the bone image templates a matching

bone image template corresponding to the edge
enhanced CT image, wherein the bone image template
is a best matching template identified using an affine
transformation dependent correlation between the set
of bone image templates and the edge enhanced CT
image, wherein the identifying is performed using an
iterative process over one or more consecutive cycles,
wherein each cycle of the iterative process includes
instructions to,
perform a correlation determination between the edge
enhanced CT image and the one or more bone
templates,
determine if an optimization for the correlation deter-
mination between the edge enhanced CT image and
the one or more bone image templates satisfies an
optimality condition for at least one of the one or
more bone image templates, and if the optimality
condition is not met, then (i) perform the affine
transformation on the edge enhanced CT image
and/or on the one or more of the bone image tem-
plates, (ii) perform an interpolation on the affine
transformed edge enhanced CT image and/or on the
affine transformed one or more bone image tem-
plates, and (iii) perform another correlation determi-
nation until the optimality condition is met and the
matching bone image template is identified;
perform segmentation on the edge enhanced CT image
using the matching bone template using an Active
Shape Model (ASM) technique, wherein the edge
enhanced CT image and the matching bone template
are registered to one another forming a registered ASM
technique; and
detect a fracture in the edge enhanced CT image in
response to application of the registered ASM tech-
nique.

11. The apparatus of claim 10, wherein the interpolation
is a bilinear interpolation and wherein the optimality con-
dition is a Powell optimality condition.

12. The apparatus of claim 10, wherein each of the set of
bone image templates are CT images taken at different slices
of a bone.

13. The apparatus of claim 10, wherein the memory stores
further computer-readable instructions that, when executed
by the computer processor, cause the computer processor to:

perform in a minimization optimization to determine if

the optimization is complete.

14. The apparatus of claim 10, wherein the memory stores
further computer-readable instructions that, when executed
by the computer processor, cause the computer processor to:

perform contrast stretching on the obtained CT image.
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15. The apparatus of claim 10, wherein the memory stores
further computer-readable instructions that, when executed
by the computer processor, cause the computer processor to:

adjust pixel intensities on the obtained CT image.

16. The apparatus of claim 10, wherein the memory stores
further computer-readable instructions that, when executed
by the computer processor, cause the computer processor to:

perform a homogeneity based feature extraction on the
obtained CT image.

17. The apparatus of claim 10, wherein the memory stores
further computer-readable instructions that, when executed
by the computer processor, cause the computer processor to:

identify a plurality of adaptive windows of segments on
the edge enhanced CT image and analyzing each of the
adaptive windows for fracture.

18. The apparatus of claim 17, wherein the memory stores
further computer-readable instructions that, when executed
by the computer processor, cause the computer processor to:

apply a 2-D Stationary Wavelet Transform (SWT) to each
adaptive window to determine contour discontinuities
in each adaptive window;

create a binary masking of the each adaptive window;

perform a boundary tracing of each binary mask formed
adaptive window; and

detect for fractures from the boundary traced masked
adaptive window.

19. A method for analysis of computed tomography (CT)
images of bone images, the method implemented in a
decision support system having a processor and a memory,
the method comprising:

a) obtaining a plurality of bone image templates, each
bone image template obtained for a different image
slicing of a bone region of a body;

b) obtaining one or more training images of the bone
region, the one or more training images taken from a
different source than the bone template images;

¢) correlating the one or more training images to the
plurality of bone image templates to identify a match-
ing bone template, wherein the matching bone template
is determined from an optimization;

d) if the matching bone template is not identified from the
optimization, then performing an affine transformation
on the plurality of bone image templates and/or the one
or more training images and performing an interpola-
tion on the plurality of bone image templates and/or on
the one or more training images and performing c)
again;

e) if the matching bone template is identified, then storing
a registered image of the matching bone template
and/or of the one or more training images.

20. The method of claim 19, further comprising: deter-
mining a registered training model to be applied using an
Active Shape Model for segmenting a computed tomogra-
phy (CT) image of the bone region and identify bone
fractures in the CT image.

21. An apparatus comprising:

a computer processor; and

a memory storing computer-readable instructions that,
when executed by the computer processor, cause the
computer processor to,

a) obtain a plurality of bone image templates, each bone
image template obtained for a different image slicing of
a bone region of a body;

b) obtain one or more training images of the bone region,
the one or more training images taken from a different
source than the bone template images;
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c) correlate the one or more training images to the
plurality of bone image templates to identify a match-
ing bone template, wherein the matching bone template
is a determined from an optimization;

d) if the matching bone template is not identified from the
optimization, then perform an affine transformation on
the plurality of bone image templates and/or on the one
or more training images and perform an interpolation
on the plurality of bone image templates and/or on the
one or more training images and perform c) again;

e) if the matching bone template is identified, then store
a registered image of the matching bone template
and/or of the one or more training images.

22. The apparatus of claim 17, wherein the memory stores
further computer-readable instructions that, when executed
by the computer processor, cause the computer processor to:
determine a registered training model to be applied using an
Active Shape Model for segmenting a computed tomogra-
phy (CT) image of the bone region and identify bone
fractures in the CT image.
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